Feature extraction and classification are two important steps in the process of strip steel surface defect recognition. Traditional methods of defect feature extraction are not of scale and rotation invariance. Moreover, traditional methods of defect classification have a conflict between efficiency and accuracy in. In order to solve the above two problems, a novel recognition method is proposed in this paper. On one hand, the novel defect feature extraction scheme is realized by building sampling benchmark scale (SBS) information for training dataset and using gradient magnitude and gradient orientation co-occurrence matrix (GMGOCM), gray level and gradient orientation co-occurrence matrix (GLGOCM), and moment invariant features. On the other hand, K-nearest neighbor and R-nearest neighbor algorithms are used to prune training dataset, and amplification factors of pruned samples are used to improve least squares twin support vector machine (LSTWSVM) classifier in efficiency and accuracy. The experimental results show that the novel recognition method can not only realize defect feature extraction with scale and rotation invariance but also realize defect classification with high efficiency and accuracy.
Introduction
In recent years, with increasing demand for high quality steel products and intensified market competition, surface defect recognition is becoming a very important technology to detect and control the strip steel quality for iron and steel enterprises. In general, there are four steps in the process of strip steel surface defect recognition, including defect preprocessing, defect segmentation, defect feature extraction and defect classification. Defect feature extraction and defect classification are the crucial steps and the study of them is becoming more and more widely and deeply. [1] [2] [3] [4] [5] In reference 1) extended haar rectangle features are extracted and weak classifier adaptive enhancement classification method is used. In reference 2) hough transform is used to classify defects with well defined geometric shapes, and principal component analysis and self-organizing maps are used to classify defects with complex shapes. In reference 3) a new defect detection algorithm is provided with multifractal features and neural work classifier. Reference 4) used local binary pattern algorithm to extract defect features, and employed decision tree and support vector machine as classification method. Reference 5) proposed a scheme based on mixed features and combining classifiers, in which mixed features include geometric feature, gray feature, texture feature, projection feature, and transform feature, and combining classifiers include neural network and support vector machine.
References [1] [2] [3] [4] [5] can effectively extract features and realize classification for the strip steel surface defect. However, samples with the same type of defect may be different in scale and rotation in real problems, which requires the algorithm of defect feature extraction to be of scale and rotation invariance. Although references [1] [2] [3] [4] [5] have partly adopted some algorithms with scale and rotation invariance, such as moment invariant 6) algorithm, they did not fully consider scale and rotation invariance in the process of defect feature extraction. So it is necessary to find some novel defect feature extraction algorithms with scale and rotation invariance. On the other hand, traditional support vector machine (SVM) 7) is considered an effective method for the strip steel surface defect classification. Similarly, there is a conflict between accuracy and efficiency in traditional SVM. So more effective versions of SVM are produced, such as generalized eigenvalue proximal support vector machine, 8) twin support vector machine (TWSVM) 9) and least squares twin support vector machine (LSTWSVM). 10) However, these classifiers still need to be improved to reach high accuracy and efficiency.
For the strip steel surface defect recognition, the novel method proposed in this paper can not only realize scale and © 2014 ISIJ rotation invariance in defect feature extraction but also obtain high accuracy and efficiency in defect classification. In the process of defect feature extraction, firstly, a defect image is resampled by using sampling benchmark scale (SBS) information of training dataset. Then edge area features of the defect image are extracted based on gradient magnitude and gradient orientation co-occurrence matrix (GMGOCM), internal area features of the defect image are extracted based on gray level and gradient orientation cooccurrence matrix (GLGOCM), and moment invariant features of the defect image are extracted. Experiments proved that GMGOCM and GLGOCM can realize scale and rotation invariance in defect feature extraction. In the process of defect classification, firstly, training dataset is pruned by combining K-nearest neighbor and R-nearest neighbor algorithms. Then amplification factors of pruned samples are used to improve LSTWSVM. Experiments also proved that this algorithm can realize high accuracy and efficiency in defect classification. This paper is structured as follows. Section 2 introduces strip steel surface defect recognition system. In section 3 methods of feature extraction with scale and rotation invariance are proposed. Section 4 focuses on the classification algorithm with high efficiency and accuracy. Some testing experiments and results are described in section 5. Some conclusions are drawn in section 6.
Surface Defect Recognition System
In general, the defect recognition system for strip steel surface includes two parts: surface image acquisition and defect image processing. The main function of surface image acquisition is to collect real-time surface images and transmit those images to the second part. Surface image acquisition system is always made up of computer vision detector, 11) which is shown in Fig. 1 . This system includes CCD sensors, light sources, acquisition boards, data transport interfaces, and parallel computers. The subsystem of CCD sensors, which includes many parallel high-speed linear CCD cameras, is used to scan the upper and lower surfaces of strip steel and obtain surface images. The subsystem of light sources is used to provide light for CCD cameras. The subsystem of acquisition boards, which always adopts digital signal processing system, is used to read, store, and transmit those images to parallel computers. It is also used to realize some parts of preprocessing for defect images, such as rapid defect area detection. According to defect area detection, defect images are reserved and other images are rejected. Data transfer interfaces, which adopts gigabit Ethernet, are used to transmit defect images. The subsystem of parallel computers is used to receive, store, process and synthesize defect images, and generate complete defect information.
Defect image processing system is used to realize defect preprocessing, segmentation, feature extraction, and classification. Defect preprocessing can realize rapid defect area detection, image filtering, image enhancing, etc. Rapid defect area detection can be finished on acquisition boards. And image filtering can filter the impulse noise, Gaussian noise, etc. Image enhancing can realize background correction and gray stretch for defect images. Defect segmentation can realize accurate defect positioning, and separate defect from background, and extract defect area. Defect feature extraction can obtain many valid features, such as geometric feature, gray feature, texture feature, and transform feature. Defect classification can classify many types of defects by using multi-class classifier. Defect feature extraction with scale and rotation invariance and defect classification with high efficiency and accuracy are discussed in this paper.
Feature Extraction Scheme
There may be differences in scale, rotation, translation, brightness and viewing angle for the same type of defect images. In the process of pattern recognition, these differences will affect the result of feature extraction and reduce the following classification accuracy. On a real strip steel production line of enterprises, there are surface defect acquisition instruments with consistent environment and fixed location that can avoid obvious differences in brightness and viewing angle. Image segmentation method can extract edge area and internal area of the defect image, which can avoid differences in translation. However, the differences in scale and rotation can not be avoided. So feature extraction methods with scale and rotation invariance should be adopted in the strip steel surface defect recognition. Moment invariant features are of good scale and rotation invariance 6) and can describe geometrical features of a defect image well. Though moment invariant features are useful, they are not sufficient. So some novel feature extraction methods with scale and rotation invariance are proposed in this section.
SBS of Defect Images
There are many forms with different scale and rotation for a defect sample in training dataset. Defect images with different rotation can be obtained by simulation. If the simulated angle is θ, then this type of defect has 360/θ different images. It can be seen that θ determines the accuracy and efficiency of simulation. In order to keep the balance between them, θ is selected as 22.5°. 16 images with different angles for a type of defect sample are obtained. Fig. 2(a) are just the height and width of images in Fig. 2(c) . Therefore, only 4 images in Fig. 2(a) are needed to simulate.
Firstly, rotate all image samples in training dataset with 4 angles in Fig. 2 For a defect image, firstly, calculate Rhw and determine Shw from the SBS table. Then, resample the image with interpolation to make it larger or smaller. Finally, SBS image of the image with benchmark scale can be obtained. To mention that, there are three types of interpolation to resample: bilinear interpolation, nearest neighbor interpolation and bicubic interpolation.
12) The first one is used in this paper. Feature extraction is implemented on SBS image in this paper. The scheme of extracting SBS image is shown in Fig. 3 , which can reduce the effects which the difference in scale has on defect feature extraction.
GMGOCM Features Extraction
For a defect image, its edge and internal areas can be determined by defect preprocessing and segmentation. [13] [14] [15] [16] Figure 4 shows the edge and internal areas of a defect image. Because the gray changes in edge area are drastic, they are usually described with gradient. GMGOCM is proposed based on gradient vector information and gray-level co-occurrence matrix. 17, 18) GMGOCM can completely express the statistical characteristics of gray changes, orientations and mixed of them for all pixels in an edge area.
Define the edge area of a defect image to be L, the number of pixels to be N L and the i th pixel to be with gray level fi = f(xi,yi), where (xi,yi) is the coordinate of the i th pixel
Suppose is a set with elements of all edge area pixels in the 3 × 3 window with center point . The number of all pixels in is ( < 9). The gray levels for pixels in and its nearest neighbors are f(xi + Δx1, yi + Δy1) (Δx1, Δy1 = -2,-1,0,1.2). Gradient magnitude and gradient orientation are obtained by statistic analysis for all pixels in . Firstly, Gradient ampli- (1) where atan is arctangent function.
is defined as average of all gradient amplitudes in , which is shown in the following:
Gradient orientation of is turned to 0° in order to keep rotation invariance. Then the other pixels in are correspondingly turned.
is defined as average of all gradient orientations in that have been turned. Its formula is just like the following:
........ (3) where MOD represents modulus after division.
In order to improve the calculation efficiency, and are normalized into domain [1,2,⋅⋅⋅,32] . Suppose the largest gradient magnitude and gradient orientation are and respectively. INT means the value is rounded towards the nearest integer, then the normalized and are shown in the following:
... (4) ... (5) For the edge area of a defect image, define a 32
is the number of the pixels with gradient amplitude and gradient orientation . The probability of (k,l) in H L is defined as p(k,l), and it can be calculated just like the following:
According to H L and the algorithm in references, 17, 18) 10) ...... (11) ..... (12) ........ (13) .............. (14) ... (15) 
GLGOCM Features Extraction
The internal area of a defect image is of gray and texture distribution features. GLGOCM is proposed based on gray level and gradient orientation information, which can reflect gray distribution, orientation distribution and texture distribution in the internal area.
Define the internal area of a defect image to be Ω, the number of pixels to be N Ω , and the j th pixel to be with gray level fj = f(xj,yj), where (xj,yj) is the coordinate of the j th pixel (j = 1,2,⋅⋅⋅, N Ω ). Suppose is a 3 × 3 window with center point . The gray levels for pixels in and its nearest neighbors are f(xj + Δx2,yj + Δy2) (Δx2,Δy2 = -1,0,1,2). In order to reduce the effect of rotation, gradient orientation of is rotated to 0°. Then the other pixels in are correspondingly turned.
is defined as average of all gradient orientations in that have been turned. It is calculated just like the following:
... (16) ..... (17) Then fj and are normalized into domain [1,2,⋅⋅⋅,32]. Suppose the largest gray level and gradient orientation are fmax and respectively. The normalized and are shown in the following:
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( , ), , , , is a least squares version of SVM, which combines the principles of TWSVM 9) and proximal support vector machine (PSVM). 19) Just as TWSVM, LSTWSVM finds two optimal separating hyper-planes. Similarly to PSVM, LSTWSVM solves two linear equations instead of quadratic programming problems (QPPs). So LSTWSVM is fit for cross plane and large scale datasets. Improved ρ-LSTWSVM has two major improvements: one is that it pruned the original training datasets X and Y into A and B respectively, the other is that it added two diagonal matrices ρ ρ1 and ρ ρ2. Pruning training dataset can improve the efficiency of ρ-LSTWSVM, and adding amplification factors ρ ρ1 and ρ ρ 2 can enhance the weight of pruned samples, which can ensure the accuracy of ρ-LSTWSVM. That a new unlabeled sample x belongs to class +1 or -1 depends x is closer to ϕ (x′,C′)w1 + b1 = 0 or ϕ (x′,C′)w2 + b2 = 0.
Pruning Method and Amplification Factor
ρ-LSTWSVM is implemented based on two processes of pruning training dataset and adding amplification factors for pruned samples. K-nearest neighbor 20) and R-nearest neighbor methods are used to realize these processes. K-nearest 
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neighbor method can capture critical samples in training dataset, while R-nearest neighbor method can prune noncritical samples. Adding amplification factors for pruned samples can ensure classification accuracy. Their steps are:
Step 1: For sample matrix X, calculate (i, j = 1,2,⋅⋅⋅, l1).
Step 2: Determine matrix element kij of K-nearest neighbors for every sample in X according to dij and optimal K.
... (35)
Step 3: calculate K-nearest neighbor frequency tj and average distance of Xj. Where, ONE means setting one for none-zero element.
... (36)
Step 4: Sort all and all samples of X according to tj and obtain the sorted (j = 1,2,⋅⋅⋅,l1) and .
Step 5: obtain R-nearest neighbors of with center point and radius and determine the number of samples m1 in that region.
Step 6: Prune these m1 samples from X S and determine and (ρ ρ1)11 = m1.
Step 7: Repeat step 5 and 6 to determine Ai and (ρ ρ1)ii until X s is pruned to be empty matrix. Where, i = 1,2,⋅⋅⋅, n1.
Pruned sample matrix A and amplification factor ρ ρ1 for training dataset X can be obtained by using the above method. Similarly, sample matrix B and amplification factor ρ ρ2
for training dataset Y can also be obtained.
Experiments

Building of Experimental Dataset
There are more than thirty types of defects during the process of strip steel production. And six typical types of defects are studied in the paper, such as crack, bruise, coil, damage, hole and scarring, which are shown in Fig. 5 . If heating temperature is not consistent or the stress is too large after deformation, crack defect will appear on both sides with the shape of scale or water ripple. If the machine is not smooth, then bruise defect will appear because of galling. It looks like black under high temperature, while white under normal temperature. Coil defect appears because of edge damage and curling. Showing as undulating waves, damage defect appears because of uneven deformation. Hole defect appears because of the tearing of the billet steel, which is not continuous and perforates through upper and lower surface. Scarring defect appears because of unclean surface of billet steel, which is like irregular pit.
In order to test the efficiency of the novel method proposed in this paper, typical samples of strip steel surface defect are obtained from national large steel plants. 1 000 samples including six types of defects are selected. These selected samples are all complete images including defect and background areas. During the process of recognition, these images should be firstly disposed by preprocessing and segmentation, which have been done according to References. [13] [14] [15] [16] Then defect images with edge and internal areas are obtained. Moreover, in order to obtain images with different scales and rotations, these 1 000 defect images are rotated and resized in five times and 5 000 images are generated. In this way, the experimental dataset with 5 000 samples are built. The number of all samples for each type of defect is shown in Table 1 .
On the other hand, in order to satisfy the demand of scale and rotation invariance in defect feature extraction, these defect images are required to transform into SBS images by searching SBS table. So SBS table of experimental dataset should be firstly obtained by implementing the scheme mentioned in section 3.1.
Experimental Results and Analysis
In order to verify the performance of strip steel surface recognition method proposed in this paper, some experiments are done to test the novel feature extraction and improved classifier. All experiments are performed by using Microsoft visual C++ 6.0 on a PC with an Intel P4 processor (2.8 GHz) and 2 GB RAM.
Firstly, verification experiments are done for feature extraction algorithms proposed in this paper. An image is randomly selected from 1 000 defect images. 4 images with different scales and rotations for this selected image can be obtained from the experimental dataset. 5 SBS images can be obtained by implementing the scheme shown in Fig. 3 . Then GMGOCM features and GLGOCM features can be extracted from 5 SBS images, which are shown in Tables 2 and 3. It can be seen that GMGOCM and GLGOCM feature values are nearly the same for 5 defect images with different scales and rotations. All these experimental results verify that feature extraction methods proposed in this paper have scale and rotation invariance.
Secondly, testing experiments are done to manifest the efficiency of pruning samples and adding amplification factor. ρ-LSTWSVM and binary tree 21) are combined to realize Table 4 . And the comparative results of using ρ (u-ρ) and not using ρ (n-ρ) are also shown in Table 4 . It can be seen that the larger the parameter K is, the shorter the training time and testing time are. When ρ is not used, the accuracy will rapidly reduce as K becomes larger and larger. When ρ is used and K ≤ 6, the classification accuracy is nearly the same. However, the classification accuracy will rapidly reduce when K > 6. So, in order to keep the balance between the time and accuracy, parameter K is proposed as 6.
Finally, comparative experiments are done in order to manifest the superiority of the novel recognition method proposed in this paper. On one hand, the differences are shown between the novel scheme with GMGOCM, GLGOCM, and moment invariant features extraction (GGFE) and traditional features extraction (TFE) scheme in reference. 5) On the other hand, comparable classification results are shown among SVM, LSTWSVM and ρ-LSTWSVM. In TFE scheme, methods of gray-level co-occurrence matrix features extraction, moment invariant features extraction and gray features extraction are employed. In the method of gray-level co-occurrence matrix features extraction, six features with horizontal nearest neighbors as well as the same six features with vertical nearest neighbors are extracted. These six features are angular second moment, contrast, correlation, sum entropy, sum variance and difference variance. 17) In the method of moment invariant features extraction, seven features with size and rotation invariance are extracted. 6) In the method of gray features extraction, six features including mean, variance, skewness coefficient, kurtosis coefficient, energy, and entropy are extracted. According to TFE scheme, typical 25 features are obtained. Similarly, 25 features are extracted according to GGFE scheme. Parameters for three classifiers are all chosen according to the methods in the above experiments. Parameter K in ρ-LSTWSVM is set as 6. The final experimental results are shown in Table 5 . GGFE and TFE have little difference in extracting time, which proves that GGFE scheme have stable efficiency. As far as training time and testing time are concerned, SVM classifier takes the longest time, and ρ- Table 4 . Testing results with different K by using ρ and not using ρ. u-ρ/n-ρ u-ρ/n-ρ u-ρ /n-ρ LSTWSVM classifier is the fastest, which proves pruning samples used in ρ-LSTWSVM classifier can improve the efficiency. The accuracy of GGFE scheme is higher than that of TFE scheme when both of them are combined with the same classifier, which proves GGFE can improve the classification accuracy. However, for the same feature extraction scheme, the accuracy of ρ-LSTWSVM classifier is higher than that of SVM classifier, and is almost the same with that of LSTWSVM classifier, which proves ρ-LSTWSVM classifier can ensure the accuracy. In conclusion, the recognition algorithm with GGFE and ρ-LSTWSVM is of high efficiency and accuracy.
Conclusions
The novel algorithm proposed in this paper has been used in the strip steel surface defect recognition. The novel feature extraction scheme is to obtain SBS image for every sample by searching SBS table. And GMGOCM features of edge area, GLGOCM features of internal area, and moment invariant features of defect area are extracted based on SBS image. The novel classification algorithm improves the efficiency by pruning samples with K-nearest neighbor and Rnearest neighbor. And the improved LSTWSVM with amplification factor ρ is used to ensure the classification accuracy. The simulation experiments prove that the feature extraction scheme is of scale and rotation invariance, which can improve the recognition accuracy. Moreover, they also prove pruning samples and adding amplification factors can improve the recognition accuracy and ensure the recognition efficiency. The final comparative experiments have clearly shown the merits of the novel recognition method proposed in this paper.
